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What’s the problem of offline reinforcement learning?

• Offline RL이 어려운 이유
– 고정된 데이터 (no exploration)

• 정책 개선이 쉽지 않음 → unexplored action의 Q-value 평가 필요

• → distributional shift & Q overestimation 문제 발생

• 기존 접근
– Policy constraint

• TD3+BC, AWAC

– Q regularization

• CQL

– Single-step methods

• DT (value iteration 아예 없음)

• One-step RL (Brandfonbrener et al., 2021, Bellman backup을 한 번만 사용 behavior policy 평가)

• Key question
– OOD action을 아예 평가하지 않으면서도(implicit) policy improvement가 가능할까?
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Key Insight of Implicit Q-Learning (IQL)

• Policy Improvement를 명시적으로 하지 않음

• 대신,
– action에 대한 Q-value 분포의 upper expectile을 value로 사용

– max operator를 expectile regression으로 근사

• Expectile Regression
– Expectile: 비대칭 L2 loss 기반 통계량

– 𝜏 = 0.5→평균

– 𝜏 → 1→상위 값 강조(≈ max)
Max over actions ≒ high expectile of Q-values
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IQL similar offline RL (1)

• First modification
– SARSA-style objective

– learn the value of the dataset policy (behavior policy) 𝜋𝛽

– never query values for out-of-sample actions

– assuming unlimited capacity and no sampling error

• 기존 연구(Brandfonbrener et al., 2021; Peng et al., 2019)에서 활용한 objective

• MuJoCo locomotion task에서는 잘 동작하지만 AntMaze에서는 잘 동작 안함

• AntMaze와 같은 환경을 풀기 위해서는 multi-step dynamic programming을 수행해야 함
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IQL similar offline RL (2)

• second modification
– aim to estimate the maximum Q-value over actions that are in the support of the data distribution

• support: 확률변수가 가질 수 있는 값의 범위, 이 경우에는 dataset으로 표현되는 액션값의 범위

– without ever querying the learned Q-function on out-of-sample actions by utilizing expectile regression

– modified objective

• 𝜋𝛽 𝑎 𝑠 > 0: 상태 s에서 행동 a가 데이터셋에서 한 번이라도 등장했을 확률이 양수

– 데이터셋의 support에 포함된 action만 고려

• BCQ (Fujimoto et al., 2019), CQL (Kumar et al., 2020)
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IQL (1)

• IQL’s modification
– use expectile regression that approximates the maximum

– IQL’s objective
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IQL (2)

• IQL’s further modification

– TD target에 transition stochasticity 포함

– 어쩌다가 운좋은 transition이 max처럼 반영됨

– →행동에 대한 평균, 즉 𝑉(𝑠)를 활용

– We resolve this by introducing a separate value function that approximates an expectile only with respect to the action 
distribution, leading to the following loss:

– We can then use this estimate to update the Q-functions with the MSE loss, which averages over the stochasticity from 
the transitions and avoids the “lucky” sample issue mentioned above:

• 이 기법의 Optimality 증명은 Section 4.4에서 다루며 본 발표에서는 생략함

• 그런데 action-value function이 아니라 value function을 이용하기 때문에 policy가 명시적으로 
드러나지 없음 → policy extraction 필요
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IQL (3)

• Policy extraction
– advantage-weighted regression (AWR) 기법 활용

– 𝛽: inverse temperature

• smaller → BC

• larger → greedy Q-learning

• Algorithm summary
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Evaluations (1)

• IQL is comparable to or better than others, especially with suboptimal datasets (antmaze)
– near-optimal trajectory가 있는 데이터셋: MuJoCo locomotion, 일부 Kitchen / Adroit

– near-optimal trajector가 없는 데이터셋: antmaze medium / large, antmaze diverse

• Computationally efficient: perform 1M updates on one GTX1080 GPU in less than 20 minutes
– implemented in JAX
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Evaluations (2)

• Online Fine-Tuning after Offline RL
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